Abstract-The study of patients in Intensive Care Units (ICUs) is a crucial task in critical care research which has significant implications both in identifying clinical risk factors and defining institutional guidances. The mortality study of ICU patients is of particular interest because it provides useful indications to healthcare institutions for improving patients experience, internal policies, and procedures (e.g. allocation of resources). To this end, many research works have been focused on the length of stay (LOS) for ICU patients as a feature for studying the mortality. In this work, we propose a novel mortality study based on the notion of burstiness, where the temporal information of patients longitudinal data is taken into consideration. The burstiness of temporal data is a popular measure in network analysis and time-series anomaly detection, where high values of burstiness indicate presence of rapidly occurring events in short time periods (i.e. burst). Our intuition is that these bursts may relate to possible complications in the patient's medical condition and hence provide indications on the mortality. Compared to the LOS, the burstiness parameter captures the temporality of the medical events providing information about the overall dynamic of the patients condition. To the best of our knowledge, we are the first to apply the burstiness measure in the clinical research domain. Our preliminary results on a real dataset show that patients with high values of burstiness tend to have higher mortality rate compared to patients with more regular medical events. Overall, our study shows promising results and provides useful insights for developing predictive models on temporal data and advancing modern critical care medicine.
I. INTRODUCTION
Intensive Care Units (ICUs) are responsible for admitting more than 5.7 million patients annually in the United States. While the patients represent an heterogeneous sample of the entire population, they are all characterized by the need for frequent care and greater medical assistance compare to patients hospitalized in non-ICU [1] , [2] , [3] . Therefore, the study of patients hospitalized in ICUs is an important field in critical care research which contributes to the definition of institutional guidances [4], [5] (i.e. resources utilization and economic impact) and identification of clinical risk factors for patients [6] , [7] . Among these works, the studies in [8] , [9] , [10] , [11] have assessed the effect of length of stay (LOS) on the mortality in ICU patients. The results in [8] , [9] show a mortality of nearly 50% for the patients with LOS of 14 days or longer in ICU admissions.
In general, the LOS is a well known feature that is often taken into consideration during the mortality analysis of patients admitted to ICU. Nevertheless, this measure presents some limitations. A primary goal for the intensive care management is to reduce the length of stay when possible to consequently reduce cost and use of resources [12] . In fact, even though only a small fraction of the overall ICU admissions (11%) typically stays more than 7 days, these patients could use more than 50% of the overall ICU resources [13] . Furthermore, the LOS tends to be influenced by additional factors such as: type and severity of illness, geographical location and type of hospital, stress and depression among patients' family [12] . As a consequence, the solely use of the LOS in constructing predictive models may lead to inadequate guidances.
In this work, we propose a different approach for studying the mortality rate of patients in ICU that it is orthogonal to the traditional analysis based on the LOS. Specifically, we take into consideration the patients longitudinal data (i.e. sequence of visits to ICU) and using their temporal information we aim to understand if there exists a relationship between the mortality rate and the temporal distribution of the visits. Our approach is motivated by the fact that the temporal distribution of the medical events may carry information about the severity of the illness. For example, regular visits may suggest a chronic disease (e.g. diabetes), while saddle chances may indicate the presence of complications. To capture this temporal information, we adopt the concept of burstiness that is commonly used in network systems. Intuitively, high values of burstiness indicate the presence of rapidly occurring events in short time periods (i.e. burst). Our preliminary results on a real dataset show that patients with bursty sequences present higher mortality rate compared to patients with regular temporal sequences. Furthermore, we show that there is no or little correlation between the burstiness and the length of stay for the patients in ICU. Hence, burstiness can be used in addition to the length of stay to design more robust and accurate statistical models for patients admitted in ICU.
Contributions. Our major contributions are reported below.
• We conduct a mortality study based on the temporal information of the patients longitudinal data. To capture such information, we adopt the burstinsess notion from network systems analysis and time-series anomaly detection.
• To the best of our knowledge, we are the first to apply the notion of burstiness to the critical care research domain.
• We conduct an extensive evaluation on a real medical dataset. Our preliminary results show that the mortality for bursty patients is 59.8% compared to 52.9% observed in the overall dataset. Furthermore, we combine the length of stay and burstiness to study possible risk factors among ICU patients.
A. Related Work
A wide variety of research has been proposed in the domain of critical care medicine to study the medical, economical, and social aspects of patients hospitalized in ICUs. Among these works, those in [8] , [9] , [10] , [11] investigate the relationship between the length of stay for patients in ICU and their mortality rate; therefore, they are most related to the problem considered in this paper. In this work, we conduct a similar study, where we propose to apply the concept of burstiness on the temporal sequence of visits associated with ICU patients. Our goal is to determine possible connections between the burstiness of medical events and the mortality rate.
The concept of burstiness has been extensively studied in the computer science community with applications in networking and time-series anomaly detection [14] , [15] . The burstiness aims to model the presence of high frequency events in temporal data which often has been used to detect features of interest. For example in the work proposed by Matchioudakis and Koudas [16] , bursty keywords are detected in the Twitter stream to identify trends and perform analysis. In [17] , the authors investigate the problem of extracting "hot" bursty events from text stream which are considered as potential features for constructing a text classifier.
II. METHODS
In this section, we report some basic notions about the temporal representation of the medical data and how the burstiness parameter is defined.
A. Temporal Model
In this work, we represent patients longitudinal data as temporal sequences of medical events recorded over time. For example, in a case of a patient that has recurrent hospitalizations, each visit represents a medical event associated with a specific time stamp recorded by the healthcare institution.
Definition 1 (Temporal Sequence of Events
as an ordered sequence of n medical events X i each associated with a positive number t i that represents the time in which the event X i has been recorded (e.g. admission time at the hospital). Furthermore, we assume t i < t i+1 to maintain the temporal order among the events.
This representation allows us to model medical events with different levels of granularity. In fact, in a typical medical setting a variety of features (e.g. diagnosis codes, lab tests, medications) are available at each patient's visit and can be considered in our formulation. However, in this work, we are more interested in computing statistics on the temporal information of the events rather than considering their specific medical information. Our preliminary results demonstrate that even considering the temporal information associated with the patients' visits sufficies to provide significant indications on their mortality. Therefore, considering medical information at a finer level of granularity (e.g. diagnoses, medications) may further improve our results.
B. Interevent Time Distribution
We denote by t(X) = [t 1 , t 2 , . . . , t n ], the vector of time occurrences for the temporal sequence
As we mentioned before, in our analysis we will focus on the interevent times
. . , T n , where T 0 = 0, denotes the interevent time sequence associated with the events in the sequence X. Specifically, these sequences provide information about the time interval between two consecutive events in the original patients longitudinal data.
Under this model, we aim to analyze the interevent time sequences for the ICU patients to study possible relationships with their mortality. In fact, similarly to the length of stay (LOS), the temporal information in the interevent time sequences may provide indications on the severity of the patients illness. Consider for example a first patient that has regular visits and a second patient that presents saddle changes of frequency in his/her visits. Due to the regularity of the interevent time sequence, the first patient may be associated with a chronic disease (e.g. diabetes) that requires periodic check-ups. On the other hand, the irregularity in the second patient may reveal the presence of critical events in his/her medical condition or possible complications.
To capture such information from the interevent time distributions, we use the notion of burstiness [18] . This notion captures the presence of bursty behaviors in temporal sequences and for this reason it has been extensively applied in dynamic network analysis to detect the presence of rapidly occurring events in short time periods alternating with long inactive periods (i.e. burst) [14] , [15] , [16] , [17] . Formally, the burstiness for interevent time sequences is defined as follows.
Definition 2 (Burstiness Parameter):
. . , T n be a interevent time sequence with standard deviation σ and mean μ. Then, the burstiness parameter for T is computed as:
The burstiness parameter B has values ranging between −1 and 1. Specifically, B = −1 indicates a periodic sequence, B = 0 indicates a Poisson distribution interevent sequence, and B approaches 1 for extremely bursty sequences [18] .
In our scenario, we compute the burstiness parameter of each interevent time sequence with the goal of understanding how medical events distributed in time may relate to the mortality rate. Our intuition is that the presence of bursty events in patients longitudinal data may indicate sudden complications. Hence, providing significant indications on the mortality.
III. RESULTS
In this section, we conduct our experimental study on the mortality rate in ICU patients considering both the length of stay (LOS) and the burstiness parameter (B). 
A. Setting
Dataset. We conduct our experiments on the real-world medical dataset MIMIC-III which is a de-identified dataset comprising over 58,000 hospital admissions for 38,645 adults and 7,875 neonates [19] . Each ICU admission is represented as an event recording the ICD9 codes associated with the patient at the moment of hospitalization. Then for each patient, we consider the interevent time sequence associated with the sequence of his/her hospitalizations. From the overall sequences, we discard those that comprise less than 2 observations. Then, the resulting dataset contains 6,577 sequences.
In our evaluations, we partition the ICD9 codes into 19 disjoint diagnostic groups and for each patient's visit the primary diagnosis code is associated to one of these groups. This stratification of the primary diagnosis codes allows us to understand how the distribution of each group changes according to our parameters (i.e. burstiness and length of stay) with respect to the overall data. Furthermore, in Table I , we report the ICD9 codes together with their description that often appear in our results. Figure 1 reports the top-10 most frequent diagnosis codes in the overall dataset. From the results obtained on the overall patients, we observe that Hypertension (401.9) is the most common diagnosis which is shared among more than 55% of the all ICU patients.
Variables in our analysis. In our evaluations, we consider two main variables: the length of stay (LOS) and burstiness parameter (B). We are interested in study the relationships between these variables and the mortality of patients in the MIMIC-III dataset. For each patient's interevent time sequence, the burstiness parameter is computed as in Definition 2. Since, in the original dataset a patient has multiple admissions to ICU, we compute the length of stay (LOS) as the maximum length of stay recorded among all his/her visits. While previous research has been conducted on understanding the relationship between the LOS and mortality rate for ICU patients [8] , [9] , [10] , [11] , here we are the first to use the notion of burstiness in this setting. To understand if this parameter carries additional information compared to the LOS, we first evaluate if there is any correlation between the LOS and B. The result of the Pearson's test on the population of patients associated with mortality cases leads to ρ = 0.024 which indicates little or no correlation between the LOS and B parameter. The dependency between these two variables is reported in Figure 2 . From these results, we observe that the burstiness parameter provides orthogonal information about the mortality rate of the patients which is not directly correlated to the length of stay.
B. Burstiness Results
In this section, we report the results obtained by using the burstiness parameter B on the interevent time sequences obtained from the visits in MIMIC-III data. Specifically, we divide the patients according to their burstiness values into three groups. The first group contains patients with B = −1 which are associated with temporal sequences that are periodic or have only two visits. Since in MIMIC-III a considerable number of patients have only two visits, this group counts for 68.8% of the overall patients. In the second group, we consider patients with −1 < B ≤ 0 and they represent 26.2% of the overall patients. These patients are associated with interevent sequences that approximately follow a Poisson distribution. Lastly, we consider the group of patients with 0 < B ≤ 1 that tend to have very bursty interevent time sequences. In this case, only 5% of the overall patients belong to this group. For these groups of patients, we report their cohort characteristics in Table II . From these results, we observe that there are no significant changes across these groups in terms of gender distribution compared to the overall data. However, we notice an increment in the mortality rate as the burstiness parameter increases. In fact, for the last two groups we have a mortality of 59.1% and 59.8% compared to the 52.9% observed on the overall dataset. Furthermore, for the group with B = −1 we obtain a lower mortality rate (50.0%) compared to the entire population. This suggests that patients with more bursty interevent time sequences tend to have an higher mortality rate than those that have more regular/periodic visits.
From the primary diagnostic groups reported in Table II , we observe that as the burstiness parameter increases the percentage of patients diagnosed with: Endocrine, Nutritional and Metabolic Diseases and Immunity disorders, Circulatory, Respiratory, and Genitourinary diseases tend to increase. For example, the percentage of patients diagnosed with codes associated to diseases of the respiratory system increases to 44.79% in the last group from 22.49% observed in the overall dataset. Furthermore, we observe that patients diagnosed with diseases related to Conditions originating in the perinatal period tend to decrease as the intervent sequences are more bursty. In fact, from 1.44% of overall patients with these primary diagnoses, no patients with these conditions are reported in the group with B = −1.
In Figure 3 , we report the top-10 diagnosis codes across the three groups of patients. For the group of patients with B = −1 (Figure 3a) , we observe that their most popular codes present minimal changes compared to those obtained from the overall data ( Figure 1) . As in the overall dataset, the most frequent code has a considerably higher support with respect to the other diagnoses. Similarly, to the results from the overall dataset, Hypertension (401.9) is the most popular diagnosis and it is shared across 52.5% of the patients. In the second group representing patients with −1 < B ≤ 0, we observe an overall increment of the support for the top-10 codes. Even though Hypertension (401.9) is still the most popular diagnosis (58%), Congestive Heart Failure (428.0) and Acute Kidney Failure (584.9) are shared among 57.2% and 54.6% of the patients respectively. For the patients with very bursty sequences, 0 < B ≤ −1, the overall support for the top-10 codes further increases. In this group, the most common diagnosis code is associated with Congestive Heart Failure (428.0) which is shared among 68% of the patients. In this case, Kidney Failure (584.9) is reported as the second most common diagnosis shared across 64.7% of the patients, followed by Hypertension (401.9) which is reported in 62.2% of the patients.
LENGTH OF STAY
These results point out some interesting trends across the diagnosis codes in these groups. First, we observe that from both results in Table II and Figure 3 as the burstiness increases a greater percentage of patients tends to be associated with respiratory system diagnosis codes. For example, acute respiratory failure (518.81) which is commonly shared across 32.6% of the overall patients, it reaches 60.1% of the patients in the last group. Similarly, Pneumonia (486) increases from 25.3% on the overall dataset to 48.2% in the last group of patients. Another interesting trend is related to diagnosis codes associated with the circulatory system. Even though, from Table II the percentage of diagnosed patients increases, by looking in Figure 3 some codes change more than others. For example, while the percentage of patients with Congestive Heart Failure (428.0) significantly increases, those with Atrial Fibrillation (427.31) show a different trend. In fact, Atrial Fibrillation (427.31) is ranked third in the first group with a percentage of 34.7%, while for bursty patients this percentage only reaches 44.4%, and it is ranked last in the top-10 codes for this group.
C. Length of Stay Results
Here, we consider the impact of the length of stay (LOS) as a parameter in our mortality study. As the related works in [8] , [9] , [10] , [11] pointed out, the LOS provides important indications on the mortality rate of patients in ICU. Similarly to the analysis conducted in [10] , [11] , we partition the patients in two groups: those with maximum LOS < 10 days and those with LOS ≥ 10 days. From the overall patients, the proportion of patients who stayed less than 10 days (76.4%) is considerably greater than those who had LOS ≥ 10 days (23.6%). The cohort characteristics for these groups are reported in Table III . By looking at the mortality rate across of these sets of patients, we observe that those who stayed less than 10 days have a relatively smaller mortality rate (49.8%) compared to the entire population (52.9%), while for those who stayed in ICU for more than 10 days their mortality rate increases up to 62.6%. Figure 4 reports the top-10 diagnosis codes across the two groups of patients in terms of their support (i.e. percentage of patients). For the set of patients with LOS < 10, the top-10 diagnoses (Figure 4a ) present small changes compared to the top-10 codes from the overall patients ( Figure 1) . As in the overall database, the majority of the patients in this group (55.7%) are diagnosed with Hypertension (401.9). We observe that for patients who stayed more than 10 days in ICU, the distribution of frequent diagnosis codes (Figure 4b ) has several differences compared to the distribution of the codes in the previous group. All the top-10 codes tend to have higher support than those in the previous group indicating a more uniform distribution of the codes across the patients. 
D. Combining Burstiness and Length of Stay
Here, we use both burstiness and length of stay to conduct our study by grouping the patients in four distinct groups as follow. Group 1 consists in patients with LOS < 10 days and −1 < B ≤ 0 (18.4%), patients with LOS < 10 days and 0 < B ≤ 1 are in Group 2 (3.0%) while those with LOS ≥ 10 days and −1 < B ≤ 0 are in Group 3 (7.8%). Finally, Group 4 contains the patients with LOS ≥ 10 days and 0 < B ≤ 1 (2.0%). Patients with B = −1 are omitted in this analysis because they have similar cohort characteristics with the overall dataset, hence they do not present specific characteristics. Table IV reports the cohort characteristics for these four groups. From the mortality rate, we observe that Group 3 and Group 4 have the highest mortality rates, respectively 67% and 65.9% compared to 52.9% measured in the overall database. Furthermore, we observe that bursty sequences are associated with patients whose primary diagnosis codes are related to the circulatory and respiratory system. For example, for the two groups of patients with LOS ≥ 10 days, patients in Group 4 (i.e. high burstisess values) tend to have an higher percentage of primary codes associated with the circulatory system (63.57%) compared to the patients in Group 3 (48.64%). Considering the gender distribution, we observe that Group 4 contains a considerably larger fraction of male patients compared to the other groups. This change in the gender distribution is also noticeable across the primary diagnosis codes. In fact, in this group no patients are associated with Pregnancy, Childbirth and Peurperium, and Condition originated in the perinatal period diseases, which are typically associated to female patients.
From the single diagnosis code distribution in Figure 5 , we observe a general trend that leads to an increment of the support value for each code in the top-10 diagnosis codes similarly to the results obtained considering LOS and B separately. For patients with LOS < 10 days and time sequences with regular behavior (Figure 5a ), the common diagnosis codes are Hypertension (401.9), Congestive heart failure (428.0), and Acute Kidney Failure (584.9). The support for these codes tend to be considerable higher compared to the rest of the codes in the top-10. For patients with LOS < 10 days and bursty interevent sequences (Figure 5b ), we observe that the support distribution for the top-10 codes tends to become smoother indicating a weaker separation among the leading codes. In the groups of patients with LOS ≥ 10 days, we observe a considerable increment of support for the code associated with Acute Respiratory Failure (518.81) both in the case of patients with regular ( Figure 5c ) and bursty interevent sequences (Figure 5d ). Among the top codes, their supports in the case of bursty sequences tend to be higher compared to more regular sequences suggesting that more patients share a combinations of multiple diseases.
Finally, we consider a summary of six important diagnostic groups: Neoplasms, Endocrine, Nutritional and Metabolic Diseases and Immunity Disorders, Nervous Systems, Circulatory System, Respiratory System and Genitourinary System. For these groups, we report in Figure 6 the percentage of patients recorded with any primary code related to these diagnoses across all the four groups. Among these diagnosis codes, those related to circular and respiratory system dominate the population of patients in each group. Specifically, patients with bursty interevent sequences (Group 2 and Group 4) tend to be have more cases of diseases related to circulatory system compared to the groups with more regular interevent sequences (Group 1 and Group 3). Regarding diseases related to the respiratory system, we observe a steady increment across the groups as the length of stay and burstiness parameter increase. In Group 2 (LOS < 10 days and regular interevent sequences), we observe a large number of patients who are recorded with diagnosis codes related to Nutritional and Metabolic Diseases and Immunity Disorders. Among all the four groups, the are no significant changes among patients diagnoses with Neoplasms and Nervous system related diseases. Finally, we notice an increment of patient associated with Genitourinary system diseases among the patients with bursty interevent sequences (Group 2 and Group 4) which is also reflected in higher Acute Kidney Failure (584.9) cases as reported in Figure 5 .
IV. CONCLUSION
In this paper, we presented some preliminary results that showed an interesting relationship between the mortality and the burstiness of interevent time sequences for ICU patients. Specifically, our results showed that the mortality for bursty patients reaches 59.8% compared to 52.9% observed the overall patients. Furthermore, this parameter is orthogonal to the feature currently used in critical care mortality studies (i.e. length of stay). Therefore, the burstiness parameter provides new information that can be effectively used to improve state of the art prediction models. Future research directions consist in conducting a more in depth medical analysis of specific diseases assisted by clinicians and incorporating temporal features for developing new predictive risk models.
